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Abstract
[Purpose/Significance] This study classifies online reviews of experience goods
into long-text and short-text categories based on text length, investigates the
temporal and content characteristics of these two review types, and provides an
intelligence basis for e-commerce platforms to understand patterns of consumer
online review behavior and product demand preferences.

[Method/Process] Python web scraping technology is employed to collect rele-
vant information on online reviews from movie review websites, construct time
interval sequences of online reviews, and based on constructs from human behav-
ior dynamics, examine the temporal characteristic patterns of posting behaviors
for different review types. Text mining methods are utilized to identify the text
content characteristics of different types of online reviews and conduct compar-
ative analysis.

[Results/Conclusion] Using online reviews from movie review websites as the
data source, this study summarizes from a temporal perspective that the time
interval sequences of different types of online review behaviors follow a power-
law distribution. From a text content perspective, it is found that the text
content characteristics of different types of online reviews exhibit both certain
similarities and significant differences.
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Abstract
[Purpose/Significance] This study categorizes online reviews of experiential
products into long-text and short-text reviews based on text length, and explores
the temporal and content characteristics of these two review types to provide an
intelligence basis for e-commerce platforms to understand consumer online re-
view behavior patterns and product demand preferences. [Method/Process]
Using Python crawler language to obtain relevant information from online re-
views on movie review websites, we construct online review time interval se-
quences. Based on concepts from human behavioral dynamics, we investigate
the temporal characteristic patterns of different types of online review post-
ing behaviors. Text mining methods are employed to identify content char-
acteristics of different review types and conduct comparative analysis. [Re-
sult/Conclusion] Using online reviews from movie review websites as the data
source, we find from a temporal perspective that the time interval sequences of
different review types follow a power-law distribution. From a text content per-
spective, we discover that the textual content characteristics of different review
types exhibit both similarities and significant differences.

Keywords: online reviews; time series analysis; text mining; content charac-
teristics

1. Introduction
With the rapid development of e-commerce, the volume of online reviews has
shown explosive growth, characterized by large spans in word count, numer-
ous short-text reviews, and a power-law distribution between review length and
quantity [1]. As the word count of online reviews increases, the semantic depth
of the text strengthens, exerting a positive influence on review helpfulness [2].
From the perspective of content characteristics, short-text reviews feature simple
content, single information expression, and short text length, requiring minimal
time and effort from consumers to read. In contrast, long-text reviews contain
relatively rich content with higher information density and longer text length, en-
abling consumers to obtain substantial product information and make decisions
more easily [3]. In terms of review volume, short-text reviews far outnumber
long-text reviews and are posted more intensively. Therefore, it is necessary to
classify online reviews by text length and conduct comparative analysis between
long-text and short-text reviews.

This study takes online reviews of experiential products as the research ob-
ject, examining them from both time series and text content perspectives. By
deeply mining long-text and short-text online reviews separately, we can help
e-commerce platforms grasp consumer review patterns and assist consumers in
obtaining needed information. Simultaneously, analyzing the behavioral pat-
terns and content characteristics of online reviews with different text lengths
holds important intelligence value for e-commerce platforms and regulatory au-
thorities.
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2. Literature Review
2.1 Temporal Dimension of Online Reviews

Existing online reviews generally feature timestamp functions, and this digital
nature has gradually become an important dimension in online review research.
Scholars have applied attribution theory using questionnaire surveys to con-
clude that shorter intervals between purchase and review posting can enhance
consumers’ perceived helpfulness of online reviews [4], and that the time interval
between initial and follow-up reviews also affects this perception [5]. Zhang et
al. used cluster analysis to divide the “initial-follow-up” review time intervals
for search product reviews into stages and conducted text mining on review
content within each stage [6]. Sun et al. found that longer intervals between
movie trailer release and movie premiere lead to more positive consumer review
sentiment [7]. L. Jin et al., from the perspectives of temporal distance theory
and structural fit theory, argued that recent reviews have greater influence on
consumers’ near-term purchase decisions, while older reviews become relatively
more influential for long-term decisions [8].

2.2 Text Mining of Online Reviews

Text mining technology is widely applied in online review research, primarily
involving feature extraction and sentiment analysis. Typical machine learning
algorithms for text feature extraction include Support Vector Machine (SVM)
models [9], Hidden Markov Model (HMM) [10], and Conditional Random Fields
(CRFs) models [11], with some scholars also using complex network theory for
text content analysis [12]. Dong et al. used text mining technology to extract
content features from online reviews across three e-commerce platforms and
analyzed their correlations [13]. Zhang et al. extracted information features
from mobile phone user reviews, finding that higher product update frequency
correlates with more positive consumer evaluations [14].

Product feature extraction is closely related to sentiment analysis, with most
current research using text mining for sentiment analysis of online reviews [15].
Li et al. used convolutional neural networks for sentence-level sentiment classifi-
cation of online reviews [16]. Ma et al. used the ROST EA text analysis tool to
conduct sentiment analysis of review content, established scoring, and built re-
gression models to examine correlations between scoring and content evaluation
[17]. Zheng et al. combined semantic and statistical methods for sentiment clas-
sification to construct a sentiment ontology for analyzing sentiment polarity and
intensity in online reviews [18]. Wei et al. used multivariate regression analysis
on sales data from 100 automotive brands (2012-2016) and found that online re-
view sentiment polarity directly affects brands and indirectly influences product
sales [19]. K. Y. Lee et al. collected real reviews from Amazon and through text
mining discovered that online review sentiment polarity negatively correlates
with consumer product acceptance [20].
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2.3 Online Review Helpfulness

Current research on online review helpfulness focuses on using mathematical
methods to construct evaluation models for ranking review usefulness. For ex-
ample, Guo et al. built a review helpfulness model for O2O online reviews based
on fuzzy analytic hierarchy process [21]. Xiu et al. evaluated online review use-
fulness from an information transmission efficiency perspective based on com-
munication patterns and barriers theory [22]. Other studies examine helpfulness
influencing factors, such as exploring review usefulness from experiential versus
search product perspectives [23]. Fang et al. constructed a econometric model of
online review helpfulness influencing factors, confirming that brand reputation
and product type moderate review helpfulness [24]. Wang et al. used experimen-
tal methods to prove that different temporal and social distances affect users’
evaluation of online review helpfulness [25]. Some scholars have introduced
cognitive psychology concepts, such as Wang et al., who used eye-tracking tech-
nology to visualize consumer attention to online reviews and identify factors
affecting perceived review helpfulness [26].

Online reviews exhibit enormous volume, low average word count, and extremely
unbalanced text length distribution. In most studies, numerous short reviews
are filtered out due to low word count and information density. However, short-
text reviews, despite their massive quantity, still contain important intelligence
value in aggregate. Existing research mostly classifies online reviews by time,
paying insufficient attention to differences in volume, sentiment polarity, and
temporal distribution across different text lengths. Few studies conduct com-
parative analysis of online reviews categorized by text length from both tem-
poral characteristics and text mining dimensions. Therefore, this study uses
text length as the classification criterion, dividing online reviews into long-text
and short-text categories, and employs text mining methods combined with the
digital indicator of review timestamps to conduct in-depth analysis from both
time series and content perspectives, aiming to reveal consumer online review
behavior patterns and content characteristics, thereby enriching research on
experiential product online review features.

3. Research Design
3.1 Research Framework

The research framework is shown in Figure 1 [Figure 1: see original paper].

3.1.1 Crawling and Classifying Online Review Information
Based on Python programming language, we develop a web crawler to capture
relevant information from target product online reviews, including review con-
tent, posting time, user rating, and user level. Using text statistical tools, we
count the word count of review texts and specifically classify online reviews by
character count into long-text and short-text reviews. Following the classifica-
tion rules of “Douban Movies,” another major Chinese movie review website,
which categorizes reviews above 140 characters as professional reviews and those
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at or below 140 characters as non-professional short reviews, this study adopts
the same rule: reviews exceeding 140 characters are classified as information-
rich long-text reviews, while those at or below 140 characters are classified as
information-sparse short-text reviews. Based on the captured timestamp infor-
mation, these two types of reviews are arranged in chronological order of posting,
yielding long-text review time series {A1, A2, A3…An} and short-text review
time series {B1, B2, B3…Bn}. We then calculate the time intervals between
adjacent reviews to obtain new time interval sequences {C1, C2, C3…Cn-1} and
{D1, D2, D3…Dn-1}.

3.1.2 Characterizing Temporal Features of Consumer Review Behav-
ior
We describe the dynamic changes in structured information such as review quan-
tity, sentiment tendency, and ratings across different time dimensions for dif-
ferent text types. Based on theories and methods of temporal measurement
in human behavioral dynamics, we introduce relevant indicators including time
intervals, power-law exponents, and burstiness to systematically characterize
the temporal interval features of review posting, further analyzing the temporal
characteristic patterns of consumer review behavior.

3.1.3 Text Content Mining Based on Review Length
We examine the distribution patterns of high-frequency words in different re-
view types and compare the similarities and differences in review content from
three perspectives: character features, emotional expression features, and movie
content features.

3.2 Research Object Selection

This study selects movie reviews as the research object, primarily because exist-
ing research focuses on experiential products (books, movies) and search prod-
ucts (cameras, mobile phones) [24]. Experiential products, due to their experi-
ential and intangible nature, make it difficult for consumers to obtain relevant
information before consumption [27], leading to higher risks and uncertainties in
purchase decisions. To avoid information asymmetry risks, consumers need to
read online reviews of such products [28]. Compared to search product reviews,
consumers are more dependent on experiential product reviews, highlighting the
importance of studying experiential product online reviews. Movies, as typical
experiential products, align well with this research context.

Regarding platform selection, this study uses “Maoyan Movie,” a third-party
platform, as the data source. Originally “Meituan Movie,” launched by Meituan
in February 2012 and renamed in January 2013, Maoyan has become a widely
used movie application with high market share, generating massive volumes of
consumer movie reviews that provide important data support for this study.
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3.3 Data Collection and Preprocessing

We use a self-developed Python crawler program to capture 117,342 online re-
view data entries for the popular movie Hidden Man from Maoyan Movie. The
captured information includes review content, posting time, user level, and user
rating. The data collection period spans 153 days from the movie’s premiere on
July 13, 2018, to December 13, 2018.

4. Case Analysis
4.1 Dynamic Characteristics of Online Reviews

From a time series perspective, we analyze the dynamic changes in long-text
and short-text reviews from two dimensions: review quantity and sentiment
tendency.

4.1.1 Dynamic Characteristics of Review Quantity Analyzing both re-
view types from the perspective of review quantity, we use weekly, daily, and
hourly time units to count review data from the first 12 weeks after the movie’s
release, categorized by review type.

Weekly Analysis
Figures 2 [Figure 2: see original paper] and 3 [Figure 3: see original paper]
describe the changing trends of different review types over time. Overall, both
long-text and short-text review quantities show consistent decreasing trends:
the first week has the most reviews and the most active commenting behavior,
the second week sees a sharp decrease, followed by stabilization at low levels. For
long-text reviews, the first week contains 1,829 reviews, accounting for 81.36%
of the total, while the second week has 326 reviews, representing an 82.12%
decrease from the first week. For short-text reviews, the first week contains
62,633 reviews (54.47% of the total), while the second week has 21,542 reviews,
a 65.61% decrease. Overall, review quantity shows a decreasing trend because
early movie reviews occur during high-heat periods with substantial word-of-
mouth dissemination. As time passes, decreasing consumer attention leads to
weakened word-of-mouth behavior, reducing movie review heat and failing to
stimulate potential consumers, resulting in fewer posted reviews.

Daily Analysis
Using daily time units, we examine the distribution patterns of long-text and
short-text reviews across the seven days of a week. For comparative analysis, we
standardize the review quantities in each statistical interval, with results shown
in Figure 4 [Figure 4: see original paper]. The trends of both review types
are consistent: quantities remain low from Monday to Thursday, increase sig-
nificantly from Friday, peak on Saturday, with Friday-Sunday being the weekly
peak period. The difference is that long-text reviews are more concentrated dur-
ing peak periods and show more dramatic weekly fluctuations than short-text
reviews.
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Hourly Analysis
Using hourly time units, we divide the 24-hour day into four periods: 0:00-6:00
(early morning), 6:00-12:00 (morning), 12:00-18:00 (afternoon), and 18:00-24:00
(evening). After standardizing the distribution of different review types across
24 hours, the results are shown in Figure 5 [Figure 5: see original paper]. Both
review types show consistent daily trends, with peaks at 12:00, 17:00, and 22:00,
reaching the daily maximum at 22:00. However, differences exist: between 22:00
and 10:00 the next day, long-text reviews are posted more intensively, while
short-text reviews are more concentrated during other periods. This is because
daytime hours are typically fragmented, leading consumers to post short-text
reviews, while evenings provide continuous time for editing long-text reviews,
making consumers more inclined to post long-text reviews at night.

4.1.2 Dynamic Characteristics of Sentiment Tendency Ratings repre-
sent consumer satisfaction levels—generally, higher ratings reflect higher sat-
isfaction and more positive sentiment. Therefore, this study uses ratings to
measure sentiment tendency. We calculate the average ratings and standard
deviations of long-text and short-text reviews for weeks 1-5 after the movie’s
premiere to analyze review extremity, as shown in Tables 1 and 2 . Both review
types show common characteristics and certain differences in rating variance
distribution. Horizontally, both variances decrease as time since premiere in-
creases, because longer screening times reduce attention and discussion inten-
sity. Vertically, short-text reviews maintain consistently higher rating variance
across all time intervals than long-text reviews, indicating more intense dis-
cussion, higher movie heat, greater controversy, and stronger stimulation of
consumer curiosity. Long-text reviews provide more comprehensive movie eval-
uations with lower emotional extremity and discussion intensity.

From a rating perspective, the gradual overall rating increase represents rep-
utation recovery. From the perspective of review extremity corresponding to
ratings in each time interval, movie review ratings and extremity show an in-
verse relationship: within the same time interval, higher ratings correspond to
lower review extremity. Consumers are more enthusiastic about giving high
scores and more positive evaluations when movie review extremity is low, while
controversial movies receive lower scores and more negative sentiment.

4.2 Temporal Interval Characteristics of Online Reviews

4.2.1 Distribution Characteristics of Review Time Intervals Time in-
terval refers to the time difference between adjacent reviews. If the total online
review time sequence contains N data points, the time interval sequence con-
tains N-1 data points. To investigate the temporal characteristic patterns of
long-text and short-text online review behaviors, we introduce the concept of
time intervals from online human behavioral dynamics and use power-law fitting
for characterization. Table 3 describes basic features of online review time in-
terval sequences, including minimum, maximum, mean, and standard deviation
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values, using “minutes” as the basic unit.

The shortest time interval in both long-text and short-text review sequences
is 0 minutes. However, the proportion of reviews with 0-minute intervals in
short-text reviews far exceeds that in long-text reviews, with significant differ-
ences in maximum, mean, and standard deviation values. To further compare
these review types, we plot scatter diagrams using logarithmic transformations
of time interval sequences and review quantities. Some observation points rep-
resent data with low frequency and long intervals, showing obvious “fat-tail”
phenomena at the distribution ends. Using least squares method to fit the main
data after removing these outliers (Figures 6 [Figure 6: see original paper] and 7
[Figure 7: see original paper]), both review types achieve goodness-of-fit above
90%, confirming that both long-text and short-text online review time intervals
follow power-law distributions.

4.2.2 Index Characteristics of Review Time Intervals To further ex-
plore consumer posting behavior characteristics for different text lengths, we
introduce the burstiness coefficient from online human behavioral dynamics,
combined with review quantity and power-law exponents, to describe behav-
ioral patterns.

Burstiness is a statistic describing the intensity of human activity in short peri-
ods and silence in long periods, calculated as [29]:

𝐵 = 𝜎𝜏 − 𝑚𝜏
𝜎𝜏 + 𝑚𝜏

where 𝜎𝜏 is the standard deviation of time interval sequence 𝜏 , and 𝑚𝜏 is its
mean. For exponential distributions where standard deviation equals mean, B
equals 0. More pronounced “fat-tail” distributions indicate larger differences
between 𝜎𝜏 and 𝑚𝜏 , making B approach 1. Using formula (1), we calculate
burstiness coefficients of 0.5797 for long-text reviews and 0.7598 for short-text
reviews.

As Table 4 shows, long-text and short-text review quantities differ significantly:
short-text reviews number 114,994 (98% of total), while long-text reviews num-
ber only 2,348 (2%). This is because long-text reviews require more time and
effort to compose, resulting in fewer postings. Both review types show obvious
burstiness—during the movie’s initial release, topicality and heat generate large
volumes of reviews in short periods. Short-text review time intervals follow
a power-law distribution with exponent -1.803, while long-text reviews follow
-1.218. The substantial difference in exponents arises because long-text reviews
are posted more sporadically with generally longer intervals between adjacent
reviews, while short-text reviews are posted more intensively with higher pro-
portions of short intervals and lower proportions of long intervals, resulting in
a smaller absolute power-law exponent for long-text reviews.
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5. Text Content Analysis
To mine and summarize content characteristics of long-text and short-text re-
views, we use Python’s jieba segmentation package to extract and analyze key-
words from review content through the following process:

1. Construct stopword list: Remove meaningless characters such as let-
ters, emoticons, timestamps, and function words like “的” (de), “地” (de),
“然后” (then), “后来” (later) during segmentation.

2. Sort by word frequency: Extract keywords after stopword removal,
count occurrence frequencies, and sort in descending order.

3. Categorize high-frequency words by features: Based on distribution
patterns and frequency attributes of high-frequency words across review
types, we reflect content differences. We categorize keywords like “actor,”
“director,” “dialogue,” “acting,” and “actor names” as character features;
words describing consumer emotions (“like,” “good,” “average,” “worth-
while,” “trash,” “boring”) as emotional expression features; and “plot,”
“style,” “storyline,” “ending” as movie content features.

High-frequency words in online movie reviews reflect reviewers’ primary
concerns—more frequent high-frequency words of a certain feature attribute
indicate greater audience attention to that feature. Based on all review
information from 153 days after the movie’s premiere, we compile the top 120
high-frequency words for each review type, visualize them as word clouds where
font size corresponds to frequency (Figures 8 [Figure 8: see original paper] and
9 [Figure 9: see original paper]), and present the top 50 high-frequency words
in Table 5 .

Long-text and short-text reviews show both obvious commonalities and sig-
nificant differences, reflecting that consumer groups corresponding to the two
review types have partially different product concerns. From the distribution
proportions of character, emotional, and movie content features, long-text re-
views prioritize movie content features (50%), followed by character features
(28%), with emotional expression features accounting for only 22%. Short-text
reviews allocate 40% to emotional expression features, 34% to movie content
features, and 26% to character features.

Across both review types, 12 identical high-frequency words appear in charac-
ter features (24% of total), 9 in emotional expression features (18%), and 10 in
movie content features (20%), yielding an overall high-frequency word similar-
ity of 62%. Regardless of review type, attention to character features remains
consistent at 28% and 26% respectively. Among all high-frequency words, “ac-
tor names” appear most frequently, indicating significant star effects in movie
reviews. The most frequent word in character features is “Jiang Wen”; in emo-
tional expression features, “like”; and in movie content features, “story” and
“plot.”
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The key difference is that short-text reviews show the highest proportion of
emotional expression features (40%), indicating that consumers posting such
reviews focus more on emotional expression. Emotional expression features
include both positive and negative words (“like,” “good,” “average,” “worth-
while,” “bad,” “trash”), consistent with earlier analysis that short-text reviews
exhibit higher emotional extremity and less consensus. Long-text reviews focus
more on the movie itself—movie content features—and primarily use positive
and neutral emotional words (“like,” “humorous,” “good,” “why”), resulting in
generally higher ratings and lower emotional extremity.

6. Discussion of Research Findings
Using Python crawler language to capture online review information, we clas-
sify reviews into long-text and short-text categories based on character count.
By introducing relevant indicators from human behavioral dynamics theory, we
analyze the distribution patterns of both review types from the posting time
perspective. Results show that both long-text and short-text review time in-
terval sequences follow power-law distributions with typical “fat-tail” features,
with exponents of -1.218 and -1.803 respectively, and both exhibit strong bursti-
ness. Based on large-sample online review data, we analyze dynamic patterns of
long-text and short-text reviews from perspectives of review quantity, sentiment
polarity, and ratings, conduct text content mining, compare content character-
istics, and reveal behavioral patterns and textual features of online reviews with
different text lengths.

The practical implication is that e-commerce platforms can segment consumer
markets based on online review text length, which helps understand consumer
posting behavior characteristics and product content preferences, enabling tar-
geted marketing strategies. For consumers inclined to post long-text reviews,
platforms should emphasize product content features; for short-text review
posters, they should use emotionally charged words and topics to attract at-
tention and discussion. By understanding review quantity and temporal charac-
teristics, platforms can timely grasp changes in review types and content, and
intervene accordingly—for example, encouraging consumers to post long-text
reviews more promptly to increase their quantity and shorten posting intervals
when long-text reviews are insufficient. From the platform optimization per-
spective, besides sorting reviews by recency, reviews could be categorized by
“product features,” “emotional expression features,” and “content features” us-
ing text mining technology to help consumers quickly find needed information,
reduce decision-making time costs, and alleviate information overload.

This study has several limitations. First, it only uses movie reviews as sam-
ples of experiential product reviews without incorporating other experiential
product reviews, limiting sample representativeness. Second, using rating vari-
ance to measure emotional extremity may reduce analytical accuracy. Third,
using only one third-party platform as the data source limits generalizability.
Future research should verify whether online review posting intervals on other
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e-commerce platforms follow power-law distributions, exhibit strong burstiness,
and fall within similar power-law exponent ranges.
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Abstract: [Purpose/significance] According to text length, online experiential
product reviews are divided into long-text online reviews and short-text on-
line reviews. Exploring the temporal and content characteristics of these two
types provides an intelligence basis for e-commerce platforms to understand
consumer online review behavior patterns and product demand preferences.
[Method/process] Python crawler language is employed to collect information
from online reviews on movie review websites, construct online review time
interval sequences, and based on human behavioral dynamics theory, investi-
gate temporal characteristic patterns of different review types. Text mining
methods are used to discover and compare content characteristics across re-
view types. [Result/conclusion] Using movie review website data, the study
concludes that time interval sequences obey power-law distributions across dif-
ferent review types. From a text mining perspective, content characteristics
show both similarities and significant differences.

Note: Figure translations are in progress. See original paper for figures.
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